Background. Early Lyme disease patients often present to the clinic prior to developing a detectable antibody response to Borrelia burgdorferi, the etiologic agent. Thus, existing 2-tier serology-based assays yield low sensitivities (29%-40%) for early infection. The lack of an accurate laboratory test for early Lyme disease contributes to misconceptions about diagnosis and treatment, and underscores the need for new diagnostic approaches.
Lyme disease (LD), caused by Borrelia burgdorferi, is the most commonly reported tick-borne disease in the United States and Europe [1, 2] . Recent studies suggest that 300 000 cases of LD may occur in the United States each year [2] . Antibody-based diagnostics for LD are widely utilized in clinical practice [3] , and the Centers for Disease Control and Prevention (CDC) recommends a 2-tier approach for serologic testing [4] . The detection of antibodies to B. burgdorferi is highly specific and sensitive in patients with late manifestations of LD; however, the sensitivity in patients with early LD is unsatisfactory (29%-40%) [3] . Direct diagnostic testing using culture or nucleic acid amplification on peripheral blood samples also has low sensitivity (≤50%) for early LD [5] . Thus, the diagnosis of early LD is usually based on recognition of the most common clinical manifestation, an erythema migrans (EM) skin lesion. Other skin lesions, however, such as tick-bite hypersensitivity reactions, STARI (southern tick associated rash illness), and certain cutaneous fungal infections, can be confused with EM [1, 6, 7] .
Given the limitations of existing diagnostics for early LD, the feasibility of novel approaches that directly detect infecting spirochetes or the host's response to the pathogen should be evaluated. Modern "omic" technologies provide sensitive methods to investigate, discover, and validate individual molecules or panels of molecules as biomarkers or biosignatures of specific disease states [8, 9] . One such technology, metabolomics, allows for global analyses of low molecular mass (typically <1500 Da) biological molecules [9] . The metabolic activity of a biological system is strongly influenced by environmental factors, including infection. As a result, altered metabolic profiles may reflect a disease state and can be exploited for development of diagnostics [10] . Recently, metabolomics has resulted in the discovery of biosignatures for human infectious diseases, including diagnostic approaches for schistosomiasis and malaria [11, 12] . To test the feasibility of metabolic profiling as a diagnostic platform for LD, we evaluated a large retrospective cohort of sera from patients with early LD, other diseases and healthy controls. This resulted in a metabolic biosignature that yielded a sensitivity of 84%-95% for early LD detection while retaining high specificity (90%-100%), thus demonstrating the feasibility of a novel nonantibody test for improved laboratory diagnosis of early LD.
METHODS

Clinical Samples
Sera used for biosignature discovery and statistical modeling were procured from repositories at New York Medical College, the CDC [13] , and Tufts University. Sera from early LD patients were collected pretreatment at the initial visit to the clinic. Healthy control serum donors were from endemic and nonendemic regions for LD. Other disease sera were from patients with infectious mononucleosis, fibromyalgia, severe periodontitis, or syphilis. Table 1 provides a detailed description of each patient population. All participating institutions obtained institutional review board approval.
Serologic Testing
Serologic testing was performed using the CDC recommended 2-tier testing algorithm [4] . The VIDAS Lyme immunoglobulin M (IgM) and immunoglobulin G (IgG) polyvalent assay (bioMérieux, Inc., Durham, North Carolina) was used as the first-tier enzyme immunoassay (EIA) and separate IgM and IgG immunoblots (MarDx Diagnostics, Inc., Carlsbad, California) were performed as second-tier tests. Serologic assays were performed according to the manufacturer's instructions, and the data were interpreted according to established CDC guidelines [4] . Duration of illness, however, was not considered in test interpretation. A C6 EIA (Immunetics, Boston, Massachusetts) was also performed as an alternative first-or second-tier test [14] .
Sample Preparation and Liquid Chromatography-Mass Spectrometry (LC-MS)
Small molecule metabolites were extracted from aliquots (20 µL) of sera with 75% (final vol) HPLC grade methanol [15] . An aliquot equivalent to 5 µL of serum was analyzed by LC-MS (see Supplementary Material).
Data Analyses and Biosignature Selection
Sera and corresponding LC-MS data were randomly separated into discovery/training-and test-samples [16] . Figure 1A and Supplementary Material describes the metabolomics workflow for comparative analyses of early LD vs healthy control discoverydata, and the down-selection of molecular features (MFs, ie, metabolites defined by retention time and accurate mass). LC-MS data of the discovery-samples were processed with the Molecular Feature Extractor algorithm tool of the Agilent MassHunter Qualitative Analysis software. The Agilent Mass Profiler Pro software version B.12.01 was used to identify MFs that differed between the 2 groups. The abundances (area under the peak for the monoisotopic mass) of individual MF's were determined using the Agilent MassHunter Quantitative Analysis software version B.05.00.
Statistical Analyses
For statistical modeling, classification analysis was accomplished using R, and model development was performed using targeted MFs. Figure 1B describes the workflow for model training and testing. The abundance values of targeted MFs used for model development were acquired with the Agilent MassHunter Quantitative Analysis software. Multiple classification approaches were applied: LDA [17] ; classification tree (CT) analysis [18] ; and LASSO logistic regression analysis [19] . Receiver operating characteristic (ROC) curves were created using the ROCR library [20] .
Exact conditional logistic regression was used to compare sensitivities and specificities of sample classification based on LASSO modeling and serologic testing. The model response was scored as 1 if the test correctly classified the sample as early LD or non-LD, and 0 for an incorrect classification. The classification methodology (LASSO modeling or serology testing) was included as a predictor and each sample represented a stratum. Reported P-values are for the null hypothesis: the odds ratio of the 2 diagnostic methods correctly identifying a known case is 1. A linear, mixed-effects model [21] and LASSO model classification were employed to assess whether variables other than patient group affected MF abundance (Supplementary Material).
Metabolite Identification
The experimental accurate masses for individual MFs were used to predict chemical formulas [16] , and searched against the publicly available Metlin compound database [22] and the Human Metabolome Database [23] for structural identifications.
RESULTS
Clinical Samples
Well-characterized retrospective serum samples selected based on defined criteria (Table 1) were randomly divided into discovery-and test-sample sets to allow development and testing of an early LD metabolic biosignature (Figure 1 ). Additionally, a small set of sera from patients clinically diagnosed with early LD and positive by the C6 EIA was included as test-samples (Table 1 and Figure 1B ).
Biosignature Development
Although metabolomics studies performed by LC-MS yield abundance measurements of small molecule metabolites (ie, MFs), this technique when applied in a discovery phase is considered semiquantitative and can be influenced by run-to-run No history of Lyme disease; diagnosed with syphilis (n = 20), severe periodontitis (n = 20), infectious mononucleosis (n = 30), or fibromyalgia (n = 31) [13] .
Test CDC LSR LAD-CDC
Abbreviations: CDC LSR, Centers for Disease Control and Prevention Lyme Serum Repository [13] ; EIA, enzyme immunoassay; EL, early Lyme disease; EM, erythema migrans; HIV, human immunodeficiency virus; LAD, look-alike diseases; PCR, polymerase chain reaction. a Sample handling varied among the laboratories that provided samples.
b Age and male/female ratio unknown for fibromyalgia patients.
technical variances [15] . Thus, to generate a biosignature that differentiated early LD from healthy controls, duplicate LC-MS analyses were performed with 139 patient sera comprising the discovery-samples. A group comparison of the first dataset ( Figure 1A ) identified 2262 MFs that were present in at least 50% of either the LD or healthy control group samples, and that differed significantly in abundance between these 2 population groups (P < .05). The data of the second LC-MS analysis of the discovery-samples were used to down-select the 2262 MFs based on LC-MS run consistency and increased stringency ( Figure 1A ). This resulted in a biosignature of 95 MFs (Supplementary Figure 1 and Table 1 ). The putatively identified metabolites included: 11 polyunsaturated fatty acids (PUFAs) or lipids with PUFAs, and related to these, 6 products of prostaglandin metabolism; 8 structures of fatty acid or cholesterol metabolism; shingolipids; plasmalogens; products of tryptophan, purine, and heme metabolism; an endogenous alkaloid; and 7 peptides.
Biosignature Testing and Comparison With 2-Tier Serology
Statistical modeling was applied to assess whether metabolic profiling could accurately classify early LD patients vs healthy controls and other diseases. Several models (LDAmipp, CT, and LASSO) were trained against the 95-MF biosignature using data from the targeted discovery-samples ( Figure 1B , Training-set). This training generated refined biosignatures (Supplementary Table 1) , and a ROC curve was used to assess their relative performances. The LASSO model resulted in a refined biosignature of 44 MFs and was selected for further of samples of at least one group and that differed between the groups with a significance of (P < .05) were selected. Agilent Mass Profiler Pro (MPP) software was used to identify MFs that differ between the 2 groups and this analysis resulted in 2262 MFs. A second LC-MS analysis of the same discovery-samples was performed. The abundance values for the 2262 MFs in both LC-MS data sets were combined to form the targeted discovery-sample data set. MFs were down-selected based on consistency between LC-MS runs and at least a 2-fold change in abundance from the median of the comparator group in replicate LC-MS analyses. This allowed for selection of an EL biosignature consisting of 95 MFs that were applied to statistical modeling. B, A training-data set along with the 95-MF biosignature list was used to train multiple statistical models [15] . The abundance values of targeted MFs used for model development were acquired with the Agilent MassHunter Quantitative Analysis software. Data from test-samples not included as samples for the training-data set were blindly tested against the statistical models. LASSO modeling selected 44 MFs for the refined biosignature and provided the most accurate classification of samples.
evaluation as it provided the most accurate prediction (Figure 2 ) with a 99% accuracy rate for both early LD and healthy controls. This accuracy was significantly (P < .0001) better than 2-tier testing with the same serum samples (Table 2) . Further evaluation of the training-set based on leave-one-out cross-validation revealed an error rate of 7.4%.
For more robust validation, LC-MS data of test-samples (ie, those not used for biosignature development or model training) were tested against the 44 MF LASSO model. The average accuracy achieved for classifying the early LD patients and healthy controls was 88% and 95%, respectively ( Table 2 ). The relative abundance difference between each sample group for all 44 MFs (Supplementary Figure 2) allowed for the prediction accuracy of the LASSO model. As noted in the Supplementary Table 2 , the data for the test-samples included 5 independent LC-MS runs with replicates of the samples. Across the 5 LC-MS runs sensitivity and specificity ranged from 84%-95% and 90%-100%, respectively. As expected, test-samples that were included in the same LC-MS runs as those for the training-set performed the best (93% sensitivity, 98% specificity). In comparison, the sensitivity of 2-tier testing for these early LD samples ranged from 43% to 48% with the highest sensitivity achieved with an alternative 2-tier testing algorithm consisting of 2 EIAs and no immunoblot (Table 2) . Thus, LASSO modeling was significantly more sensitive than 2-tier testing (P < .0001). A significant difference was also observed when comparing LASSO modeling to the sensitivity of first-tier tests alone (VIDAS and C6 EIAs) ( Table 2 ). Of importance, the metabolic profiling identified 77%-95% of the early LD samples that were negative by 2-tier testing (VIDAS/Marblot and C6/Marblot) ( Table 3 ). This included 81%-96% and 83%-94% of those patients not diagnosed by the 2-tier IgM immunoblot assay and the 2-tier IgG immunoblot assay, respectively. As expected serological testing resulted in high specificity for healthy controls (100%). However, this specificity was not significantly better than that achieved by LASSO modeling (P = 1.0).
Two additional sample sets not included in LASSO model training were also tested: (1) sera from clinically diagnosed early LD patients that were C6 EIA positive, and (2) sera from patients with other diseases (Table 1) . When challenged with the early LD samples collected based on clinical symptoms and C6 positivity, the LASSO model had a sensitivity of 86% (Table 2) . These early LD C6-positive samples yielded 2-tier results (overall sensitivity of 41%) similar to the well-characterized early LD samples. Although these analyses demonstrated a large increase in sensitivity with LASSO modeling compared with 2-tier testing and corroborated the results obtained with the well-characterized early LD samples (Tables 2 and 3 ), the sample size was insufficient to assess statistical significance. When evaluating sera from other diseases the LASSO model yielded a specificity of 94% and did not differ significantly (P = .76) from the 95% specificity of 2-tier testing on these samples (Table 2 ).
Sample and LC-MS Variability
The range of sensitivity and specificity observed for sera analyzed in separate LC-MS runs reflected run-to-run variability [15] . However, the use of retrospective patient samples also introduced sample-handling variables. This included age of archived samples, heat-inactivation, and inter-lab differences in serum collection. Thus, we investigated the impact of run-to-run variability vs heat-inactivation of sera. Samples analyzed by LASSO modeling in 3 different LC-MS runs revealed inter-run variance of up to 10 percentage points based on classification accuracy (Supplementary Table 3 ). Analysis of inter-run variability of all 95 MFs in 3 replicate LC-MS runs with a linear, mixed effects model determined that the standard deviation for a given serum sample was 0.28 logs with a 95% confidence interval of .23-.34. This standard deviation did not vary substantially based on the MF being measured. In comparison, LC-MS analysis of 70 early LD sera that were heat-inactivated at 56°C for 30 min revealed four MFs that differed statistically (P < .05) in abundance from untreated samples. In spite of these four differences, the 44 MF LASSO model correctly classified the heat-inactivated and untreated samples with similar accuracies of 83% and 86%, respectively (Supplementary Table 3 ). Of the improperly classified samples, 6 were classified as non-LD in both the heat-inactivated and untreated groups.
DISCUSSION
In the natural course of LD, the human serves as a "dead-end" host for B. burgdorferi, thus early diagnosis is not a tool for Figure 2 . Receiver operating characteristic (ROC) curves to test model accuracies. ROC curves for the LDAmipp (blue), LASSO (green) and classification tree (CT) ( purple) models were plotted and compared. The performance of the 2-tier testing algorithm (VIDAS/Marblot) (red dot) on the same sample set was included as a reference for the sensitivity and specificity of current laboratory-based Lyme disease diagnostics. b CDC 2-tier interpretation criteria were used [4] ; however, all samples were tested by IgM immunoblots regardless of duration of illness.
c The serum samples tested included replicates due to multiple LC-MS runs.
d The sensitivity of LASSO modeling was significantly greater (P < .0001) than WCS EIA-VIDAS, C6 EIA, or 2-tier testing (VIDAS/Marblot). Statistical testing was not performed with the other 2-tier methods.
e The specificity of LASSO modeling was significantly greater (P < .003) than WCS EIA-VIDAS and not significantly different from C6 EIA (P = .06) or 2-tier testing (VIDAS/Marblot) (P = 1.00). Statistical testing was not performed with the other 2-tier methods. f Sample size was not large enough to establish statistical significance for sensitivity.
g Healthy controls that were C6-positive were excluded from the test-set.
h The specificity of LASSO modeling did not differ significantly from WCS EIA-VIDAS (P = .14), C6 EIA (P = .08), or 2-tier testing (VIDAS/Marblot) (P = 1.00). Statistical testing was not performed with the other 2-tier methods. i The specificity of LASSO modeling did not differ significantly from C6 EIA (P = 1.00) or 2-tier testing (VIDAS/Marblot) (P = .76), but was significantly better than the WCS EIA-VIDAS (P = .001). Statistical testing was not performed with the other 2-tier methods.
disease control. Nevertheless, proper patient management can be influenced by early and accurate diagnosis. Multiple limitations exist for the diagnosis of early LD including: (1) poor sensitivity of current serological tests; (2) subjective interpretation of immunoblots; and (3) the subjectivity of clinical based diagnosis, even in the presence of an EM-like skin lesion [3, 6] . Thus, a significantly improved diagnostic test for early LD would enhance patient management, reduce over-testing [2] and help mitigate controversies associated with the diagnosis of LD [24] .
The host inflammatory and immunological responses of LD are driven by B. burgdorferi infection and lead to the clinical symptoms of this disease [25, 26] . Thus, evaluation of metabolic biosignatures as a diagnostic platform of early disease is based on the hypothesis that the inflammatory responses of early LD distinguish it from healthy controls and diverge from those of other diseases with overlapping clinical features (eg, syphilis and fibromyalgia) [1, 3] , serologic cross-reactivity (eg, infectious mononucleosis and syphilis) [13] , and other spirochetal infections (eg, syphilis and severe periodontitis) [13, 27] . This study revealed a shift in the abundance of selected metabolites in patients with early LD as compared to healthy controls and patients diagnosed with other diseases. The refined early LD biosignature developed provides proof-of-concept for a novel diagnostic approach that has improvements over the currently recommended 2-tier serology algorithm. Most importantly, the early LD biosignature correctly diagnosed 77%-95% of 2-tier negative early LD patients, including 81%-96% of those patients not diagnosed by the 2-tier IgM assay, a test designed to detect early antibody responses [3] . Using well-characterized early LD samples, the refined metabolic biosignature yielded a greater sensitivity than the C6 EIA, another reported early marker of LD [28] . The specificity achieved with the metabolic biosignature was not significantly different from that of 2-tier serology for healthy controls or for patients with the other diseases assessed. Further optimization of the biosignature and assay must ensure judicious analysis of specificity vs sensitivity, to prevent false-positive test results in patient populations at risk for LD and to promote proper antibiotic stewardship. Overall, the current characteristics and performance of the metabolic biosignature revealed the potential for a novel diagnostic capable of detecting early LD prior to antibody responses.
The low sensitivity of serologic testing for early LD is a probable consequence of the time it takes to develop a humoral immune response [29] [30] [31] . In contrast, the shifts in metabolite profiles observed in this study likely reflect the innate immune [4] ; however, all samples were tested by IgM immunoblots regardless of duration of illness or first-tier test result; 2-tier serology was performed using VIDAS followed by Marblot immunoblots.
response that emerges rapidly and underlies inflammation and pathology. C-reactive protein, a general marker of inflammation along with other protein markers or mediators of inflammation was shown to be elevated in LD patients and decrease with treatment [32, 33] . More recently, a multiplex-assay of inflammatory response associated proteins distinguished acute LD patients from healthy noninflammatory controls [34] . Consistent with these protein-based assays, several of the metabolites putatively identified in the reported biosignature are mediators or markers of inflammation. It is particularly interesting to note that the majority of metabolites putatively identified in the early LD biosignature are lipid or lipophilic structures. Thus, these initial efforts led to the hypothesis that B. burgdorferi infection elicits alterations in lipid mediators and markers of the inflammatory response. This hypothesis is supported by the recent report of altered eicosanoid production in an animal model of late LD [35] . Approximately 70%-80% of LD patients present with EM [6] ; therefore, sera from clinically diagnosed early LD patients, with or without EM, but that were C6 EIA positive were included in our evaluations. These samples were correctly identified with an accuracy of 86%. Likewise the biosignature also performed well against other diseases (94% accuracy). It is noted that sera from the above patient groups were not included in LASSO model training; thus, they represented a more demanding evaluation of the LASSO model's ability to accurately classify patient samples. Continued development of a metabolomics based diagnostic test for early LD will require sera from patients with other clinical illnesses that might warrant consideration of a diagnosis of LD (eg, cellulitis, STARI, and cutaneous fungal infections among many possibilities), as well as patients with other tick-borne diseases present in LD endemic regions, such as anaplasmosis and babesiosis [1, 6, 36] . Assessment using sera from patients with other forms of LD including neurologic LD, Lyme carditis, and Lyme arthritis also will be required and may lead to additional or refined biosignatures that provide early recognition of these more severe disease manifestations.
For this study retrospective samples were used, and samplehandling variables that would not be associated with prospectively collected samples were a potential weakness. To account for these factors, large sample numbers collected from multiple laboratories were used to minimize or negate biases introduced from sample handling and storage. Moreover, stringent criteria were applied in biosignature selection to ensure that the most robust MFs were identified and used. The largest variability encountered in these studies was that which occurred among the LC-MS runs. Inter-run variability is an inherent issue with LC-MS based metabolomics studies targeted at discovery [15] . Such variability would be unacceptable for the clinical application of a diagnostic metabolic biosignature. Thus, along with evaluations of additional patient populations and prospective studies, an early LD diagnostic test that is deployable in a clinical setting will require refinement and standardization of LC-MS parameters, inclusion of internal standards for data normalization, establishment of system suitability protocols, and Food and Drug Administration (FDA) guidance [37] [38] [39] . It should be noted that LC-MS/MS based tests are currently used in clinical laboratories for the analyses of small molecule metabolites, such as for screening of inborn errors of metabolism. These tests are typically laboratory developed tests that fall under Clinical Laboratory Improvement Amendments guidelines; however, tests such as the Waters' NeoLynx Screening are FDA approved [40] . Thus, there is a developmental path and emerging infrastructure that would support a LC-MS based diagnostic platform for early LD.
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